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1
YIELD IMPROVEMENTS FOR
THREE-DIMENSIONALLY STACKED
NEURAL NETWORK ACCELERATORS

CROSS REFERENCE TO RELATED
APPLICATIONS

This application is a continuation of U.S. application Ser.
No. 17/213,871, filed on Mar. 26, 2021, which is a continu-
ation of U.S. application Ser. No. 15/685,672, filed on Aug.
24,2017 (now U.S. Pat. No. 10,963,780). The disclosures of
the prior applications are considered part of and are incor-
porated by reference in the disclosure of this application.

BACKGROUND

This specification generally relates to three-dimensionally
stacked neural network accelerators.

Neural networks are machine learning models that
employ one or more layers of nonlinear units to predict an
output for a received input. Some neural networks include
one or more hidden layers in addition to an output layer. The
output of each hidden layer is used as input to the next layer
in the network, i.e., the next hidden layer or the output layer.
Each layer of the network generates an output from a
received input in accordance with current values of a respec-
tive set of parameters.

Typically, neural network processing systems use general
purpose graphics processing units, field-programmable gate
arrays, application-specific integrated circuits, and other
hardware of the like to implement the neural network.

SUMMARY

In general, one innovative aspect of the subject matter
described in this specification can be embodied in methods
that include the actions of obtaining data specifying that a
tile from a plurality of tiles in a three-dimensionally stacked
neural network accelerator is a faulty tile. The three-dimen-
sionally stacked neural network accelerator includes a plu-
rality of neural network dies stacked on top of each other,
each neural network die including a respective plurality of
tiles, each tile has input and output connections that route
data into and out of'the tile. The three-dimensionally stacked
neural network accelerator is configured to process inputs by
routing the input through each of the plurality of tiles
according to a datatlow configuration and modifying the
dataflow configuration to route an output of a tile before the
faulty tile in the dataflow configuration to an input connec-
tion of a tile that is positioned above or below the faulty tile
on a different neural network die than the faulty tile.

Other embodiments of this aspect include corresponding
systems, apparatus, and computer programs, configured to
perform the actions of the methods, encoded on computer
storage devices.

A neural network accelerator can be used to accelerate the
computation of a neural network, i.e., the processing of an
input using the neural network to generate an output or the
training of the neural network to adjust the values of the
parameters of the neural network. Three-dimensionally
stacked neural network accelerators can be constructed with
vertical interconnects that communicatively couple verti-
cally adjacent dies. Three-dimensionally stacked neural net-
work accelerators are cheaper to fabricate and more compact
than traditional neural network accelerators. However, tra-
ditional mechanisms for fabricating three-dimensionally
stacked neural network accelerators make it unlikely that a
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given three-dimensional neural network accelerators is fab-
ricated with only functional dies, i.e., is fabricated without
one or more dies being faulty.

Particular embodiments of the subject matter described in
this specification can be implemented so as to realize one or
more of the following advantages. For three-dimensionally
stacked neural network accelerators, the more computing
tiles that are stacked on top of each other, the higher the
probability that the whole stack is faulty. This occurs
because if one computing tile is faulty, this may render the
entire three-dimensionally stacked neural network accelera-
tor inoperable, resulting in potentially poor yield of operable
three-dimensionally stacked neural network accelerators.
However, modifying dataflow configurations for three-di-
mensionally stacked neural network accelerators increases
functionality for the three-dimensionally stacked accelera-
tors. For example, modifying the dataflow configuration
allows the three-dimensionally stacked neural network
accelerator to still be usable even if one or more computing
tiles are faulty.

Attempting to use the faulty tiles will render the entire
three-dimensionally stacked neural network accelerator use-
less. Therefore, the faulty tiles are bypassed to ensure
functionality of the remaining portions of the three-dimen-
sionally stacked neural network accelerator. Modifying the
dataflow configuration for a three-dimensionally stacked
neural network accelerator includes altering outputs of given
computing tiles to inputs of computing tiles on dies above or
below the given computing tiles. Thus, enabling a more
modular flow of data throughout the three-dimensionally
stacked neural network accelerators. In addition, modifying
the dataflow configuration will improve the yield of operable
three-dimensionally stacked neural network accelerators
because having one or more faulty computing tiles will not
render the entire accelerator inoperable. Three-dimension-
ally stacked neural network accelerator yields reduce as the
total chip area increases. Modifying dataflow configuration
to include transmitting data between vertically adjacent dies
increases yields for three-dimensionally stacked neural net-
work accelerators.

The details of one or more implementations of the subject
matter described in this specification are set forth in the
accompanying drawings and the description below. Other
potential features, aspects, and advantages of the subject
matter will become apparent from the description, the draw-
ings, and the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

FIGS. 1A-B are block diagrams of an example three-
dimensionally stacked neural network accelerator.

FIG. 2 is a block diagram of a computing tile.

FIG. 3 is an example block diagram of a bipartite graph.

FIG. 4 illustrates an example neural network dataflow
configuration.

FIG. 5 illustrates an example dataflow configuration for a
three-dimensionally stacked neural network accelerator.

FIG. 6 is a flowchart of an example process for modifying
a datatflow configuration for tiles within a three-dimension-
ally stacked neural network accelerator.

Like reference numbers and designations in the various
drawings indicate like elements.

DETAILED DESCRIPTION

The subject matter described in this specification relates
to a hardware computing system including multiple com-
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puting units configured to accelerate workloads of a neural
network. Each computing unit of the hardware computing
system is self-contained and can independently execute
computations required by a portion, e.g., a given layer, of a
multi-layer neural network.

A neural network accelerator can be used to accelerate the
computation of a neural network, i.e., the processing of an
input using the neural network to generate an output or the
training of the neural network to adjust the values of the
parameters of the neural network. The neural network accel-
erator has data inputs and outputs. The neural network
accelerator receives data, processes the data, and outputs the
processed data. A three-dimensionally stacked neural net-
work accelerator uses a plurality of neural network dies
stacked on top of each other to increase computing power for
a neural network accelerator. Each neural network accelera-
tor die includes a plurality of computing tiles. Each com-
puting tile also has an input, an output, and processes data
using a computing tile processor.

Tiles are connected together in sequence and the neural
network accelerator directs data between each of the tiles
according to a dataflow configuration. For example, data is
received at a first computing tile, a computation is executed,
and the first tile’s output is transmitted to the input of a
second computing tile, which also completes a computation.
In some instances, a computing tile may be faulty (i.e., not
functioning as intended) after the accelerator has been
manufactured. For example, the tile may have non-function-
ing on-die cache memory, damaged intra-die connections, an
incorrect clock, and so on, which may render the entire
neural network accelerator inoperable.

However, according to the systems and methods
described herein, a faulty computing tile is bypassed during
computation by the neural network accelerator, i.e., no
output is transmitted to the faulty computing tile’s input.
Instead of routing an output of one tile to the input of the
faulty tile, the output is routed to an input of a different
computing tile that is on a die above or below the die that
houses the faulty tile. After the different computing tile
executes its computation, the different computing tile sends
its output to an input of another computing tile, e.g., a
computing tile that is housed on same neural network die
that houses the faulty computing tile. This bypasses the
faulty tile and enables the use of the three-dimensionally
stacked neural network accelerator even with one or more
faulty tiles.

FIGS. 1A-B are block diagrams of an example three-
dimensionally stacked neural network accelerator 100. A
neural network accelerator 100 is an integrated circuit that is
designed to accelerate the computation of a neural network,
i.e., the processing of an input using the neural network to
generate an output or the training of the neural network. A
three-dimensionally stacked neural network accelerator 100
includes a plurality of neural network accelerator dies
102a-e stacked on top of each other creating a large-scale
neural network accelerator.

Typically, a neural network accelerator wafer 102a-¢ is
created using semiconductor material (e.g., silicon, gallium
arsenide, indium arsenide, etc.). Neural network accelerator
dies 102a-e are manufactured using traditional semiconduc-
tor wafer fabrication techniques. Each of the neural network
accelerator dies 102g-¢ include a plurality of computing
tiles, hereafter referred to as tiles 104a-p, arranged on a
surface of the die 102a-e.

Each tile 104a-p is an individual computing unit and the
tiles 104a-p collectively perform processing that accelerate
computations across the three dimensionally stacked neural
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network accelerator. Generally, a tile 104a-p is a self-
contained computational component configured to execute
all or portions of the processing for a neural network
computation. Example architectures for the tiles 104a-p are
described in U.S. patent application Ser. No. 15/335,769,
which is incorporated herein by reference.

The tiles on each die are connected according to a static
interconnect system. For example, each tile is communica-
tively coupled, using inductive coupling, through silicon via
(TSV), or wired to one or more adjacent tiles including
adjoining tiles, tiles above each other, tiles below each other,
etc.). The configuration of a static interconnect system will
be described in more detail below in connection with FIG.
3.

FIG. 2 is a block diagram of a computing tile 104a. Each
computing tile 104a includes a processing element 202, a
switch 204, inductive coils 206a and 2065, and a processing
element bypass 208. The components illustrated in FIG. 2
are not drawn to scale. Typically, the processing unit 202
consumes most of the tile area and is more likely to have a
defect or fault. Defect density of computing tiles is uniform,
thus the large area of the processing element 202 causes the
processing element 202 the component most likely to fail.
The processing element receives an input from an output of
the switch 204. The processing element 202 executes com-
putations for the neural network accelerator. The output of
the processing element 202 can be transmitted to the input
of a switch 204 of a different tile 104a-p.

Some or all of the tiles 104a-p include inductive coils
206a, b. Although, FIG. 2 illustrates a tile 104a with two
inductive coils 2064, b, typically, and in some implementa-
tions, the computing tile can include between 10 and 1000
coils. The inductive coils enable inductive coupling of
vertically adjacent tiles 104a-p using magnetic fields
between the tiles 104a-p. The inductive coupling of tiles
104a-p enables tiles 104a-p on different dies to communi-
cate using near field wireless communication. Each tile
104a-p communicates with adjacent tiles above or below the
tile using the inductive coupling. For example, the first tile
104a on the top die 102a can transmit and receive data from
the first tile 104a on the second die 1025 located under the
top die 102a.

Typically, tiles 104a-p communicate with adjacent tiles
directly above or below itself using inductive coupling.
However, in some implementations, tiles within a three-
dimensionally stacked neural network accelerator can com-
municate with tiles on any die 102ag-¢ within the three-
dimensionally stacked neural network accelerator 100. For
example, for a three dimensionally stacked neural network
accelerator with 7 stacked dies, a particular tile positioned
on a given die can vertically communicate with tiles above
or below the particular tile on any of the other 6 stacked dies.
One way of implementing the near-field communication
technology is described in “ThruChip Interface for 3D
system integration” by Tadahiro Kuroda at http://ieeexplor-
e.deee.org/document/5496681/.

The inductive coils 2064, & included in the tile 104a are
a receiver coil and a transmitter coil. The receiver and
transmitter coils can each include a plurality of inductive
coils coupled together to transmit and receive data from
vertically adjacent tiles. The plurality of inductive coils are
coupled together to achieve the desired bandwidth and
magnetic fields to communicate data between vertically
adjacent tiles. Either of the inductive coils 206a, b can be
selected to be the receiver coil or the transmitter coil
according to the determined dataflow configuration. The
receiver and transmitter coil respectively and independently
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receive or transmit data between tiles 104a-p on different
dies. The coils each produce a magnetic field and using the
magnetic field the tiles communicate using near field com-
munication. For example, the magnetic field belonging to a
transmitter coil on a given tile 104a-p is coupled to a
magnetic field belonging to a receiver coil 104a-p of a
different tile. The two coils transfer data by using the
magnetic field created by the inductive coupling as a carrier
signal.

The inductive coils 2064, b can each be selectively chosen
as the receiver coil or the transmitter coil. The inductive
coils 206a, b are determined to be a receiver coil or a
transmitter coil based on the configuration of the inputs and
the outputs of the switch 204. For example, the inductive
coil that receives an output of the switch is the transmitter
coil as it will transmit the received data to a vertically
adjacent tile. The transceiver that transmits data to an input
of switch is the receiver coil because this transceiver trans-
mits the data it receives from a vertically adjacent coil.
Modifying the variable inputs and outputs that are defined
by the configuration of the switch enables the static inter-
connect configuration to be changed to determine various
dataflow configurations.

In some implementations, each tile can also communicate
with vertically adjacent tiles using through-silicon vias
(TSV). ATSV is a vertical electrical connection that passed
through the die. Outputs of processing units can be passed
to the input of a switch 204 belonging to a vertically adjacent
die using TSVs.

Each tile includes a switch 204 that is coupled to a
plurality of inputs and includes a plurality of outputs. In
some implementations and as shown in FIG. 2, the switch
has four inputs (i.e., inputs A, B, C, and D) and four outputs
(i.e., outputs W, X, Y, and 7). The switch 204 can direct any
of the plurality of inputs received at the switch to any of the
plurality of switch outputs. In this instance, the input A can
be a processing element bypass of an adjacent tile. Input B
can be the output of the processing element 202 of an
adjacent tile. Either inductive coil can be selected as the
receiver coil or the transmitter coil. Whichever inductive
coil is configured as the transmitter coil sends data to
vertically adjacent tiles and whichever coil is configured as
the receiver coil receives data from vertically adjacent tiles.
In the instance where inductive coil A 206a is receiver coil,
input C can be data received at inductive coil A 206a and
transmitted to the switch 204. Alternatively, and based on
the selected dataflow configuration, in the instance where
inductive coil B 2065 is the receiver coil, input D can be data
received at inductive coil B 2065 and transmitted to the
switch 204.

The switch 204 can transmit data from any of the inputs,
inputs A, B, C, or D, to any of the outputs, outputs W, X, Y,
and Z. In this instance, output W can direct data to a
processing element bypass. The processing element bypass
provides a data transmission path that bypasses the process-
ing element 202. Output W enables data to transmitted out
of the processing tile without transmitting the data to the
processing element 202. In this instance, the processing
element 202 could be faulty. Therefore, the processing
element 202 is bypassed, using the processing element
bypass, to ensure continuity of the ring bus. Output X of the
switch 204 is coupled to the input of the processing element
202. Thus, data transmitted by output X of the switch is
transmitted to the processing element 202 such that the
processing element 202 uses the data for neural network
accelerator computations. Outputs Y and Z are each coupled
to the inputs of inductive coil A and B 2064, b. Outputs Y
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and Z can be selectively chosen to direct data that is
transmitted to inductive coils of vertically adjacent tiles.

In some implementations, tiles 104a-p communicating
with tiles 104a-p on different dies 102a-e use the inductive
coupling of the inductive coils to transmit input data from
tiles on different dies 102a-e. For example, in the instance
where the first tile 104a on the top die 102¢ communicates
with the first tile 104a on the die 1025 below the top die
102a, the first tile 104a on the top die’s switch is coupled to
output Y. Output Y transmits data to the transmitting induc-
tive coil, which directs the data to the receiving inductive
coil of the first tile 104a on die 10256 below. The receiving
inductive coil directs the data to the switch 204 of the first
tile 1044 on die 1025 below. The switch 204 can direct the
data to either of the available switch outputs. In other
implementations, tiles 104a-p communicating with tiles
104a-p on different dies 102a-e¢ use through silicon via
technology to transmit the data.

In some implementations, the switch 204 can include one
or more multiplexers and one or more demultiplexers. A
multiplexer includes two or more selectable inputs and one
output. The demultiplexer includes one input and two or
more selectable outputs. Accordingly, and in this instance,
the switch uses the multiplexer to receive either of the four
inputs, and the output of the multiplexer is coupled to the
input of the demultiplexer. The outputs of the demultiplexer
are the four outputs of the switch, outputs W, X, Y, and Z.

FIG. 3 is an example block diagram of a bipartite graph.
The bipartite graph illustrates dataflow configuration and
components of a neural network architecture. The edges
connect the input vertices (I1-5) to the output vertices
(O1-5) to represent computing tiles. In this example, a
computing tile is represented by a particular input vertex, a
particular output vertex connected together with an edge. A
dataflow configuration between vertices is illustrated with
solid edges. For example, an edge that goes from an output
vertex to an input vertex illustrates the transmission of data
from the output of one tile to the input of another tile. A
redundant dataflow configuration is illustrated with dashed
edges. The dashed edges represent alternative dataflow paths
between the vertices in the instance a tile is deemed faulty
and is bypassed.

If atile is faulty, the corresponding edge between an input
vertex and a corresponding output vertex is removed from
the graph. This illustrates that there is no data transmitted
from the input of the computing tile to the output of the
computing tile and the processing element 202 does not
execute any computations. If the switch 204 of the comput-
ing tile is still functional, the vertices remain in the network
graph because the processing element 202 of a tile can still
be bypassed using the processing element bypass. Edges
from the output vertices to the input vertices represent the
possible connections that the switches and the vertical
communicative coupling can realize. There will be multiple
allowable edges per vertex representing the possible con-
figurations that the switches can be configured to direct
inputs to outputs.

To bypass a faulty tile and increase three dimensionally
stacked neural network yield, a Hamiltonian circuit is
applied to the graph. The Hamiltonian circuit can illustrate
a ring bus that is a closed tour of data propagations such that
each active vertex receives and transmits data exactly once.
The Hamiltonian circuit is the maximum length circuit that
can be achieved by incorporating each functional vertex.
The three dimensionally stacked neural network accelerator
offers more alternate paths for datatlow configurations than
a two dimensional neural network accelerator. Therefore, the
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probability that an optimal or near optimal configuration
(e.g., a Hamiltonian circuit) can be found is higher for the
three dimensionally stacked neural network accelerator than
for a two dimensional network accelerator.

FIG. 4 illustrates an example neural network die 400 and
a dataflow configuration for the example neural network
die’s tiles 104a-p. Generally, however, the tiles 104a-p can
be arranged in any arrangement on the die 200. The tiles
104a-p are organized in a rectangular arrangement such that
tiles located on vertically adjacent dies are configured in the
same position. For example, the first tile 1044 on the first die
1024 is located above the first tile 104a on the second die
1025, which is located above the first tile 1044 on the third
die 102¢, etc. In addition, inputs and outputs of vertically
adjacent tiles have a mirrored or rotational symmetry. For
example, the inputs and outputs of the first tile 104a on the
first die 1024 are positionally located on the die in the same
orientation as the inputs and outputs for the first tile 104a on
the second die 1025 located in the stack above or below the
first die 102a.

Each tile 104a-p is communicatively coupled with the
tile’s neighboring tiles on the die 400. In this example, the
first tile 104a is communicatively coupled with the second
tile 1045. However, tiles 104a-p can be communicatively
coupled in any configuration. Tiles 104a-p on neural net-
work die 102a¢ can be connected together using wired
connections. The wired connections enable transmission of
data between each connected tile 104a-p.

Each tile communicates with one or more adjacent tiles
104a-p to create a Hamiltonian circuit representation using
the tiles 104a-p. The circuit includes a communication
scheme such that there is an uninterrupted flow of tile inputs
connected to tile outputs, from the beginning of the ring bus
to the end of the ring bus. For example, the tiles 104a-p are
configured such that the input and output of each functional
tile within the ring network is connected to another func-
tional tile or external source according to a dataflow con-
figuration. The dataflow configuration describes a path of
computational data propagation through the tiles 104a-p
within a three-dimensional neural network architecture.

For example, and referring to FIG. 4, in some implemen-
tations, a dataflow configuration 402 may specify that a first
tile 1044, on a die 1024, receives input data from an external
source. In some implementations, the external source can be
a tile 1044-b on a different neural network accelerator die
102b-e, or some other source that transmits data. The first
tile 1044 executes computations using the data and transmits
the data to a second tile 1045. Likewise, the second tile 1045
computes the data, and transmits the data to a third tile 104¢.
In this implementation, the process continues along the first
row of tiles until the data reaches a fourth tile 104d. The
fourth tile 1044 transmits the data to a fifth tile 1044

The process continues until the data reaches tile 104e. In
like manner, data is transmitted to the ninth tile 104:. The
data is propagated along across the third row of tiles to the
twelfth tile 1044. The twelfth tile 1044 transmits the data to
the thirteenth tile 104p. The datatlow configuration contin-
ues to transmit the data to the sixteenth tile 104m, where the
sixteenth tile 104m transmits the data to an external source
or back to the first tile 104a. In this implementation, the
dataflow configuration for the tiles 104a-p on the first die
102a is 104a-b-c-d-h-g-f-e-i-j-k-I-p-o-n-m. In other imple-
mentations, the dataflow configuration can be a different
path of data travel through the set of tiles. The dataflow
configuration is specified based on which switch input is
connected to which tile’s output. Because there are a plu-
rality of tiles 104a-p, each tile with a respective output, and
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because the switch’s input can be varied to receive different
tiles’ outputs, many different dataflow configurations can be
achieved.

In some instances, some tiles 104a-p may be faulty after
production of the three dimensionally stacked neural net-
work accelerator 100. Post-production tests are executed
after stacking the dies to identify which tiles are faulty. The
identified faulty tiles are bypassed, and a dataflow configu-
ration is established that eliminates the use of the faulty tiles.
The tile configuration includes a redundant data path 304
that can be implemented to bypass faulty tiles 104a-p.
Eliminating a faulty tile(s) can include directing computa-
tional data to every other tile in the three-dimensionally
stacked neural network except the identified faulty tiles.
Each other tile will perform its designated computational
functions as part performing the computation of the neural
network. In this instance, the other tiles can collectively
perform the computations of the identified faulty tiles or one
tile can be dedicated to perform the computations of the
identified faulty tile.

FIG. 5 illustrates an example dataflow configuration 500
for a three-dimensionally stacked neural network accelera-
tor. In this example, the neural network accelerator includes
two neural network dies, a top die 102a¢ and a bottom die
1024 arranged using a pair of inductively coupled connec-
tions to aggregate two rings together to form one ring of 16
tiles distributed over two chips stacked vertically. In some
implementations, the three-dimensionally stacked neural
network accelerator includes more than two dies stacked
together (e.g., 3-10 dies). Each die includes a plurality of
tiles 104a-/. The tiles 104a-/ on both dies process data to
perform neural network computations according to the data-
flow configuration of data propagation through the tiles
104a-h.

In this example, tile 104f'on the top die 1024 is a total die
failure. A total die failure occurs when the bypass fails or the
switch fails and the processing unit fails. In a two dimen-
sional neural network accelerator example with one die
having a failure scenario consistent with the top die 102«
illustrated in FIG. 5, the entire die would be a total failure
because the dataflow configuration could not create a con-
tinuous dataflow path around the die. Because tile 104/ on
the top die 102a is a total die failure, neighboring tiles
cannot output data to tile 104f because there is no way for
tile 1041 to output data to another tile 104a-%. Thus, as
illustrated in FIG. 5, no tiles output data to the input of tile
104f and tile 104/ is completely bypassed by transmitting
data to tiles adjacent and vertically adjacent to tile 1041

Tile 104g on the top die 1024 and tile 104¢ on the bottom
die 1025 are partial failures. A partial failure occurs where
a processing element 202 fails, but the switch and data path
is still functional. A tile that is experiencing a partial failure
can still receive input data because the tile’s switch 204 is
still functional. Therefore, the partially failed tile’s switch
204 can output to data to different tiles 104a-% using the
transmitting inductive coils or output data using the pro-
cessing element bypass 208. As illustrated in FIG. 5 tile
104g on the top die 102a and tile 104¢ on the bottom die
10254 utilize the transmitting inductive coils to output data to
the vertically adjacent tiles. However, in other implementa-
tions, tile 104g on the top die 102a and tile 104¢ on the
bottom die 1025 could either both or uniquely utilize the
processing element bypass 208 to output data to adjacent
tiles 104a-h.

FIG. 6 is an example flow chart of a process executed by
a system of one or more computers for modifying a datatlow
configuration for tiles within a three-dimensionally stacked
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neural network accelerator 600. Aspects of FIG. 6 will be
discussed in connection with FIG. 5. For example, the
process can be performed by a host computer to which the
accelerator is coupled.

Three-dimensionally stacked neural network accelerator
tiles are tested to determine functionality of each of the
plurality of tiles on the neural network wafers and identify
faulty tiles. Techniques for die testing include using out of
band control channels, for example, joint test action group
scan chain, to test each of the tiles within the three-
dimensionally stacked neural network accelerator. The test
identifies which tiles are faulty and are to be bypassed to
create the Hamiltonian circuit. In some implementations, the
system is configured to determine the Hamiltonian circuit
based on the arrangement of functional tiles 104a-~ within
the three-dimensionally stacked neural network accelerator.
In addition, the system can implement the dataflow configu-
ration using the remaining functional tiles 104a-%2 of the
three dimensional neural network accelerator according to
the determined Hamiltonian circuit.

The testing can occur prior to or after stacking the neural
network wafers 102a-b. For example, testing can occur prior
to cutting the larger fabricated wafers into smaller dies
designed for the three-dimensionally stacked-neural net-
work accelerators. In this instance, each tile on the larger
fabricated wafer is tested for functionality. Alternatively,
after cutting larger fabricated wafers into dies designed for
the three-dimensionally stacked-neural network accelera-
tors, the dies are stacked together to create the three-
dimensionally stacked neural network accelerator, and each
tile is tested for functionality. In either instance, the tiles
104a-p are tested prior to executing computations on the
three-dimensionally stacked neural network accelerator.

In other implementations, three-dimensionally stacked
neural network accelerators are constantly analyzed during
operation of the neural network accelerator to determine
tiles, that may have been operational during the initial
functional testing, but have since failed or become faulty.

Referring to FIG. 6, the process includes determining that
atile from a plurality of tiles in a three-dimensional stacked
neural network accelerator is a faulty tile (402). A faulty tile
is a tile that does not function as designed based on the
analyzing. As previously described, the three-dimensionally
stacked neural network accelerator comprises a plurality of
neural network accelerator dies 102a-¢ stacked on top of
each other and each neural network accelerator die includes
a respective plurality of tiles 104a-p. Each tile has a plurality
of input and output connections that transmit data into and
out of the tile. The data is used to execute neural network
computations.

Referring back to FIG. 4, in the illustrated example 300,
the sixth and seventh tile 104¢ on the top die 102a and the
third tile on the bottom die 1025 has been determined to be
faulty. Faulty tiles 104/ and g on the top die 102a and 104¢
on the bottom die 1025 are bypassed and removed from the
dataflow configuration. Removing the faulty tiles includes
modifying the dataflow configuration to transmit an output
of a tile before the faulty tile in the dataflow configuration
to an input connection of a tile that is positioned above or
below the faulty tile on a different neural network die than
the faulty tile (404).

In some implementations, bypassing the faulty tile
includes removing power that is provided to the faulty tile
104¢. Power can be removed from the faulty tile 104¢ by
disconnecting a switch that provides power to the faulty tile
or using programming logic to remove power provided to
the tile. Removing power provided to the faulty tile 104¢
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ensures that the faulty tile is not operational and the faulty
tile 104¢ does not draw unnecessary power from a power
source providing power to the three-dimensionally stacked
neural network accelerator. Further, data is transmitted
either around the faulty tile or through the faulty tile, but not
to the processing element 202 of the faulty tile.

In other implementations, bypassing the faulty tile 104¢
can include turning off a clock that is unique to the faulty
tile. The faulty tile’s clock can be disabled using program-
ming logic or physically removing the clock from the circuit
by disconnecting the clock’s output. Turning off the faulty
tile’s clock stops the clock from executing processing func-
tions, thereby deactivating the faulty tile and ceasing the
faulty tile’s operation.

According to the example illustrated in FIG. 5, the faulty
tiles are bypassed and the dataflow configuration is modified
according to a Hamiltonian circuit representation of the tile
dataflow configuration. For example, one implementation
can include having the first tile 104a on the top die 102
receives input data from an external source (1). The first tile
104a processes the data, and the first tile 104a transmits
output data to the switch of the second tile 1045. The switch
202 of the second tile 1045 of the top die 102a directs the
data to the transmitting inductive coil (T) and transmits the
data to the second tile 1045 of the bottom die 1025. For ease
of illustration, the inductive coils have been presented as
single coils, however, as previously mentioned, each of the
inductive coils are a plurality of coils communicatively
coupled to transmit and receive data from other coils on
vertically adjacent tiles.

The second tile 1045 of the bottom die 1025 processes the
data (2) and transmits the data to the third tile 104¢ of the
bottom die 10254. Since, the third tile 104¢ of the bottom die
1025 was determined to be faulty, the processing element is
bypassed and the data is sent to the transmitting inductive
coil (T), which transmits the data using inductive coupling
to the receiving inductive coil (R) of the third tile 104¢ of the
top die 1025. The processing element processes the data (3)
and transmits the data to the switch 202 of the fourth tile
1044 of the top die 102a. The switch transmits the data to the
transmitting inductive coil (T) of the fourth tile 1044 of the
top die 102a, which transmits the data to the fourth tile 1044
of the bottom die 1025. The fourth tile 1044 of the bottom
die 1024 processes the data (4) and the output is transmitted
to the eight tile 104/ of the bottom die 1025.

The processing element of the eighth tile 104/ processes
the data and the output is transmitted to the switch of the
seventh tile 104g on the bottom die 1025. The seventh tile
104g processes the data (6) and the output is transmitted to
the switch of the sixth tile 104/ of the bottom die 1025. The
sixth tile 104f processes the data (7) and the output is
transmitted to the switch of the fifth tile 104e on the bottom
die 1025. The fifth tile’s processing element processes the
data (8) and the output is transmitted to the first tile 104a of
the bottom die 1025. The first tile 104a processes the data (9)
and the output is transmitted to the switch of the second tile
1045 of the bottom die 1025.

The second tile’s switch transmits the data the second
tile’s transmitting inductive coil (T), which transmits the
data to the receiving inductive coil (R) of the second tile
1045 of the top die 102a. The second tile’s processing
element processes the data (10) and the output is transmitted
to the switch of the third tile 104¢ of the top die 1025. The
data is transmitted using the processing element bypass to
bypass the third tile’s processing element and the data is
transmitted to the switch of the fourth tile 1044 of the top die
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102a. The fourth tile 1044 processes the data (11) and
transmits the data to the eight tile 104/ of the top die 102a.

The eight tile 104/ processes the data (12) and the output
is transmitted to the switch of the seventh tile 104g of the top
die 102a. As previously described, the seventh tile 104g of
the top die was determined to be faulty during testing.
Therefore, the seventh tile’s switch transmits the data to the
transmitting inductive coil (T) of the seventh tile 104g. The
transmitting inductive coil (T) directs the data to the receiv-
ing inductive coil (R) of the seventh tile 104g of the bottom
die 1025. The seventh tile’s switch directs the data to the
sixth tile 1041 of the bottom die 1025 using the processing
element bypass. The switch of the sixth tile 104f transmits
the data to the switch of the fifth tile 104e of the bottom die
1024 using the sixth tile’s processing element bypass.

The fifth tile 104e directs the data to the transmitting
inductive coil (T) of the fifth tile 104e, which transmits the
data to the receiving inductive coil (R) of the fifth tile 104e
of the top die 102a. The fifth tile 104e processes the data
(13) and the output is either directed back to the first tile
102a of the top die 1024 or directed to an external device.
During testing of the three-dimensionally stacked neural
network accelerator, the sixth die 104/ of the top die 102a
was identified as faulty. In this example, no data was routed
to the sixth die 104f and the sixth die 104/ was completely
bypassed.

Embodiments of the subject matter and the functional
operations described in this specification can be imple-
mented in digital electronic circuitry, in tangibly embodied
computer software or firmware, in computer hardware,
including the structures disclosed in this specification and
their structural equivalents, or in combinations of one or
more of them. Embodiments of the subject matter described
in this specification can be implemented as one or more
computer programs, i.e., one or more modules of computer
program instructions encoded on a tangible non-transitory
program carrier for execution by, or to control the operation
of, data processing apparatus. Alternatively, or in addition,
the program instructions can be encoded on an artificially
generated propagated signal, e.g., a machine-generated elec-
trical, optical, or electromagnetic signal, which is generated
to encode information for transmission to suitable receiver
apparatus for execution by a data processing apparatus. The
computer storage medium can be a machine-readable stor-
age device, a machine-readable storage substrate, a random
or serial access memory device, or a combination of one or
more of them.

The processes and logic flows described in this specifi-
cation can be performed by one or more programmable
computers executing one or more computer programs to
perform functions by operating on input data and generating
output(s). The processes and logic flows can also be per-
formed by, and apparatus can also be implemented as,
special purpose logic circuitry, e.g., an FPGA (field pro-
grammable gate array), an ASIC (application specific inte-
grated circuit), or a GPGPU (General purpose graphics
processing unit).

Computers suitable for the execution of a computer
program include, by way of example, can be based on
general or special purpose microprocessors or both, or any
other kind of central processing unit. Generally, a central
processing unit will receive instructions and data from a read
only memory or a random access memory or both. The
essential elements of a computer are a central processing
unit for performing or executing instructions and one or
more memory devices for storing instructions and data.
Generally, a computer will also include, or be operatively
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coupled to receive data from or transfer data to, or both, one
or more mass storage devices for storing data, e.g., mag-
netic, magneto optical disks, or optical disks. However, a
computer need not have such devices.

While this specification contains many specific imple-
mentation details, these should not be construed as limita-
tions on the scope of any invention or of what may be
claimed, but rather as descriptions of features that may be
specific to particular embodiments of particular inventions.
Certain features that are described in this specification in the
context of separate embodiments can also be implemented in
combination in a single embodiment. Conversely, various
features that are described in the context of a single embodi-
ment can also be implemented in multiple embodiments
separately or in any suitable subcombination. Moreover,
although features may be described above as acting in
certain combinations and even initially claimed as such, one
or more features from a claimed combination can in some
cases be excised from the combination, and the claimed
combination may be directed to a subcombination or varia-
tion of a subcombination.

Similarly, while operations are depicted in the drawings in
a particular order, this should not be understood as requiring
that such operations be performed in the particular order
shown or in sequential order, or that all illustrated operations
be performed, to achieve desirable results. In certain cir-
cumstances, multitasking and parallel processing may be
advantageous. Moreover, the separation of various system
modules and components in the embodiments described
above should not be understood as requiring such separation
in all embodiments, and it should be understood that the
described program components and systems can generally
be integrated together in a single software product or pack-
aged into multiple software products.

Particular embodiments of the subject matter have been
described. Other embodiments are within the scope of the
following claims. For example, the actions recited in the
claims can be performed in a different order and still achieve
desirable results. As one example, the processes depicted in
the accompanying figures do not necessarily require the
particular order shown, or sequential order, to achieve
desirable results. In certain implementations, multitasking
and parallel processing may be advantageous.

What is claimed is:

1. A device comprising a plurality of stacked dies, each
die comprising a plurality of tiles, wherein each tile com-
prises:

a processing element configured to perform one or more

computations;

an inductive coil that is reconfigurable to receive data

from a vertically adjacent tile of another die in the
plurality of stacked dies; and

switching circuitry that is reconfigurable to select between

routing input data received through the inductive coil to
the processing element or routing the input data to a
processing element bypass that bypasses the processing
element.

2. The device of claim 1, wherein the device has a
dataflow configuration that in operation causes the tiles of
the stacked dies to implement the computations of a neural
network.

3. The device of claim 1, wherein the dataflow configu-
ration causes a first tile of a plurality of tiles of a first die to
route input data to a first processing element of the first tile.
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4. The device of claim 3, wherein the dataflow configu-
ration causes a second tile of the plurality of tiles of the first
die to route input data to a processing element bypass of the
second tile.

5. The device of claim 4, wherein the dataflow configu-
ration causes the first tile to receive the input data routed
through the processing element bypass of the second tile.

6. The device of claim 5, wherein the dataflow configu-
ration causes a third tile of the first die to be bypassed
entirely.

7. The device of claim 1, wherein each tile comprises a
pair of inductive coils that are reconfigurable to transmit or
receive data from an adjacent tile of another die.

8. The device of claim 7, wherein the pair of inductive
coils are reconfigurable to transmit or receive data from a
vertically adjacent tile of another die.

9. A method of routing data in device comprising a
plurality of stacked dies, each die comprising a plurality of
tiles, wherein each tile comprises:

a processing element configured to perform one or more

computations;

an inductive coil that is reconfigurable to receive data

from a vertically adjacent tile of another die in the
plurality of stacked dies; and

switching circuitry that is reconfigurable to select between

routing input data received through the inductive coil to
the processing element or routing the input data to a
processing element bypass that bypasses the processing
element,

the method comprising routing, by switching circuitry of

a first tile of a first die of the plurality of stacked dies
in accordance with a dataflow configuration of the
device, input data received by the first tile to a pro-
cessing element bypass of the first tile.

10. The method of claim 9, further comprising imple-
menting the computations of a neural network using the
plurality of stacked dies.
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11. The method of claim 9, further comprising routing, by
switching circuitry of a second tile of the first die, input data
to a processing element of the second tile.

12. The method of claim 11, further comprising receiving,
by the second tile, input data routed through the processing
element bypass of the first tile.

13. The method of claim 9, further comprising bypassing
a third tile of the first die in accordance with the dataflow
configuration.

14. The method of claim 9, wherein each tile comprises a
pair of inductive coils that are reconfigurable to transmit or
receive data from an adjacent tile of another die.

15. The method of claim 14, wherein the pair of inductive
coils are reconfigurable to transmit or receive data from a
vertically adjacent tile of another die.

16. A method of reconfiguring a device comprising a
plurality of stacked dies, each die comprising a plurality of
tiles, wherein each tile comprises:

a processing element configured to perform one or more

computations;

an inductive coil that is reconfigurable to receive data

from a vertically adjacent tile of another die in the
plurality of stacked dies; and

switching circuitry that is reconfigurable to select between

routing input data received through the inductive coil to
the processing element or routing the input data to a
processing element bypass that bypasses the processing
element,

the method comprising reconfiguring switching circuitry

of a first tile of the plurality of tiles to route input data
to a processing element bypass of the first instead of a
processing element of the first tile.

17. The method of claim 16, further comprising recon-
figuring switching circuitry of a second tile of the plurality
of tiles to route input data to a processing element of the
second tile instead of to a processing element bypass of the
second tile.



